Land degradation monitoring is of vital importance to provide scientific information for promoting sustainable land utilization. This paper presents an expert knowledge and BP-ANN-based approach to detect and monitor land degradation in an effort to overcome the deficiencies of image classification and vegetation index-based approaches. The proposed approach consists of three generic steps: (1) extraction of knowledge on the relationship between land degradation degree and predisposing factors, which are NDVI and albedo, from domain experts; (2) establishment of a land degradation detecting model based on the BP-ANN algorithm; and (3) land degradation dynamic analysis. A comprehensive analysis was conducted on the development of land degradation in the Ordos Plateau of China in 1990China in , 2000China in and 2010 The results indicate that the proposed approach is reliable for monitoring land degradation, with an overall accuracy of 91.2%. From 1990-2010, a reverse trend of land degradation is observed in Ordos Plateau. Regions with relatively high land degradation dynamic were mostly located in the northeast of Ordos Plateau. Additionally, most of the regions have transferred from a hot spot of land degradation to a less changed area. It is suggested that land utilization optimization plays a key role for effective land degradation control. However, it should be highlighted that the goals of such strategies should aim at the main negative factors causing land degradation, and the land use type and its quantity must meet the demand of population and be reconciled with natural conditions. Results from this case study suggest that the expert knowledge and BP-ANN-based approach is effective in mapping land degradation.
Introduction
Land degradation, which essentially describes the circumstances of the reduced biological productivity of land [1, 2] , ranks among the greatest global environmental challenges and affects The Ordos Plateau has been extensively studied in the research of land degradation, especially wind-induced desertification [16, 21, 27, 44, [46] [47] [48] [49] [50] . Research by Cui et al. showed that the total desertified area of the Kubuqi Desert on the Ordos Plateau decreased by 13.29% from 1989-2002, but the land desertification of the southeast area, which has a dense population, worsened by 2007 [20] . Runnström's study suggested a reversal trend of land degradation [27] . Ma et al. pointed out that the forested area of the Ordos Plateau increased since 2000, with a reversal of land degradation [44] . However, Liu et al. noted that the degraded area in the west of the Ordos Plateau showed an average The Ordos Plateau has been extensively studied in the research of land degradation, especially wind-induced desertification [16, 21, 27, 44, [46] [47] [48] [49] [50] . Research by Cui et al. showed that the total desertified area of the Kubuqi Desert on the Ordos Plateau decreased by 13.29% from 1989-2002, but the land desertification of the southeast area, which has a dense population, worsened by 2007 [20] . Runnström's study suggested a reversal trend of land degradation [27] . Ma et al. pointed out that the forested area of the Ordos Plateau increased since 2000, with a reversal of land degradation [44] . However, Liu et al. noted that the degraded area in the west of the Ordos Plateau showed an average annual growth rate of 0.35% from 1989-2005, with severe and deteriorating trends [21] . In the above-mentioned research, non-uniform interpretation keys and inconsistent indexes led to different monitoring results in the same period, which shows that it is necessary to develop a land degradation monitoring method that is applicable to different areas and is highly efficient and precise.
Research Framework
Land degradation for this paper follows the definition proposed by the United Nations Convention to Combat Desertification (UNCCD) as the reduction or loss, in arid, semi-arid and dry sub-humid areas, of the biological or economic productivity [1] . Since land degradation ultimately results in long-lasting and observable loss of vegetation cover and biomass productivity over time and space, this leads to NDVI decreases, and also albedo increases. Because NDVI represents the coverage of vegetation, while albedo represents such characteristics as surface soil moisture, surface roughness and texture, there is an obvious inverse, physical relationship between NDVI and albedo. Therefore, NDVI-albedo reflects the land surface conditions of land degradation of various degrees.
The basic idea of our proposed approach to detect and monitor land degradation is to obtain the relationships between land degradation intensity and the NDVI-albedo indicator for a certain study area directly from local experts and then apply these relationships to an evaluation of the land degradation at each location in the study area. For achieving high precision and high efficiency of land degradation detection, our proposed approach obeys the basic principles of using expert knowledge to construct the relationship between the NDVI-albedo and the land degradation and using as few training samples as possible to extract knowledge on such relations to reduce workload, but excavate the knowledge as much as possible for land degradation detection.
The proposed approach consists of three general steps ( Figure 2 ): (1) expert(s) knowledge extraction by identifying land degradation and its intensity of sample areas with knowledgeable and experiential experts using visual interpretation of Landsat Thematic (TM) images, supported by a field survey (see Section 2.3.1); (2) establishment of a land degradation detecting model based on the relationships of land degradation degree and NDVI-albedo, by simulating the expert's thinking logic and process using the back propagation artificial neural network (BP-ANN) (see Section 2.3.2); (3) land degradation prediction and its dynamic monitoring (see Section 2.3.3). annual growth rate of 0.35% from 1989-2005, with severe and deteriorating trends [21] . In the above-mentioned research, non-uniform interpretation keys and inconsistent indexes led to different monitoring results in the same period, which shows that it is necessary to develop a land degradation monitoring method that is applicable to different areas and is highly efficient and precise.
The proposed approach consists of three general steps ( Figure 2 ): (1) expert(s) knowledge extraction by identifying land degradation and its intensity of sample areas with knowledgeable and experiential experts using visual interpretation of Landsat Thematic (TM) images, supported by a field survey (see Section 2.3.1); (2) establishment of a land degradation detecting model based on the relationships of land degradation degree and NDVI-albedo, by simulating the expert's thinking logic and process using the back propagation artificial neural network (BP-ANN) (see Section 2.3.2); (3) land degradation prediction and its dynamic monitoring (see Section 2.3.3). NDVI and albedo were selected to develop the land degradation detection model. The NDVI is defined as [9, 11] :
where NIR and R are the near-infrared and infrared bands, respectively. Albedo represents the reflection characteristics of the surface exposed to solar radiation. High temperature and decreasing precipitation in degraded areas result in reductions of vegetation, surface moisture and surface complexity. Therefore, the surfaces absorb little solar shortwave radiation, and the sensor receives high spectral radiances as albedo correspondingly increases [51] . Therefore, albedo is an important indicator of degraded land [52] . The formula proposed by Liang [53] was used to calculate albedo:
where ρTM1, ρTM3, ρTM4, ρTM5 and ρTM7 refer to the 1st, 3rd, 4th, 5th and 7th TM image bands, respectively. The quality and sufficiency of knowledge, in terms of the relationships between land degradation intensity and predisposing factors, are essential to the success of land degradation mapping. For detecting land degradation using NDVI and albedo indices, we hypothesize that the local domain experts have sufficient knowledge and practical experiences to correctly identify land degradation on remote sensing images. Since the quality of the extracted knowledge depends heavily on the quality of the expert(s) [54, 55] , an expert should be, we emphasize, someone who has an extensive theoretical understanding, as well as field experience in land degradation studies. In this study, the experts are the co-authors of this paper, who have worked on land degradation in northern and western China for a long time [42, 49, 50, [56] [57] [58] [59] [60] [61] [62] . Land degradation detecting knowledge from local domain experts can be constructed following two steps. (1) Sample pixels for extracting expert knowledge were randomly selected for each TM image. Then, each pixel was classified into land degradation degree using visual interpretation combined with knowledge and practical experiences. Correspondingly, the NDVI and albedo of each pixel were calculated. (2) Then there is the establishment of the land degradation index (LDI) based on the NDVI-albedo feature space.
The expert knowledge approach has its disadvantages of subjectivity and regional dependency. For minimizing such disadvantages, the repeated experiments and double blind test are introduced. That is, of the same selected sample pixels, their land degradation degrees are identified repeatedly by different authors independently, until stable recognition results can be obtained; then, a double-blind accuracy test between different authors is carried out; for those controversial samples, we determine their land degradation degree by consultation. Thus, a more stable and objective identification criteria of land degradation can be established through the above procedures. Finally, a summary of the domain knowledge, that is the relationship between land degradation degree and the predisposing factors in the study area, is shown in Table 1 .
At present, there is no uniform standard for evaluating the land degradation intensity. Most of the existing standards are heavily related to the study area, the land degradation type and the remote sensing data used. Therefore, the above criteria have to a certain extent regional limitations. However, these criteria and their determining procedure are suitable for arid and semi-arid regions like the Ordos Plateau.
Then, the quantitative relationship between land degradation indicators of NDVI and albedo can be expressed using a linear equation: Lastly, LDI, which is the location of the vertical direction in the albedo-NDVI feature space, can be expressed by a simple binary linear polynomial expression [34] :
where k is the reciprocal of the absolute value of a, the slope of regression equation established by NDVI and albedo. LDI reflects the conditions of both land cover and degraded land, and it has a clear biological and physical meaning. Therefore, degraded lands can be effectively identified using LDI. However, LDI was constructed based on only a few sample pixels, to improve the land degradation detection accuracy, the BP-ANN algorithm is further applied to train and imitate its relation of LDI with the land degradation degrees. Artificial neural networks (ANN) can achieve rapid and high-precision remote sensing image classification by imitating the visual activity and logical judgment of image analysis experts based on finite sample data [63] [64] [65] . We therefore adopted BP-ANN, an algorithm of ANN that adjusts and trains the weight and deviation of the network repeatedly via a back-propagation algorithm, to establish a training-based model that relates degradation degree with LDI. The neural network includes an input layer, output layer and hidden layer, and adjacent neurons are connected by a weight coefficient. The designed input layer in this paper has one node, while the hidden layer and output layer have five nodes (Figure 3) .
When a pair of learning samples is provided for the network, each neuron acquires the input response of the network to generate a connection weight, modifies each connection weight from the output layer through the inter-layer in the direction of reducing the error between the expected output and actual output and returns to the input layer. This process is repeated and alternated until the overall error of the network converges to a given minimum value, when the learning process is concluded. In this research, the training samples are land degradation degrees and the corresponding LDI; the training was controlled at 2000 times, and the training error was controlled at 0.01. At last, the land degradation detection model, an exponential model, can be fitted out using output land degradation degree and corresponding LDI, as Equation (5),
where Y is the land degradation degree of each pixel and m and n are fitting coefficients of the exponential model. Then, this model is scaled up to detect land degradation at the regional scale.
accuracy, the BP-ANN algorithm is further applied to train and imitate its relation of LDI with the land degradation degrees.
Establishment of Land Degradation Detecting Model Based on the BP-ANN Algorithm
Artificial neural networks (ANN) can achieve rapid and high-precision remote sensing image classification by imitating the visual activity and logical judgment of image analysis experts based on finite sample data [63] [64] [65] . We therefore adopted BP-ANN, an algorithm of ANN that adjusts and trains the weight and deviation of the network repeatedly via a back-propagation algorithm, to establish a training-based model that relates degradation degree with LDI. The neural network includes an input layer, output layer and hidden layer, and adjacent neurons are connected by a weight coefficient. The designed input layer in this paper has one node, while the hidden layer and output layer have five nodes (Figure 3 ). 
Land Degradation Monitoring Using Dynamic Analysis
A degradation dynamic (DD) index was adopted to reveal the land degradation change in a monitoring period. The formula is modified from Zhu and Li [66] , which was developed to monitor land use change,
where DD is the comprehensive dynamic index of land degradation change, Di refers to the area of land degradation degree i at the monitoring start time and ∆D i−j refers to the area of land degradation degree i converting into other degrees from the start time to end time of monitoring.
Data Sources
The primary data were Landsat TM images at a resolution of 30 m (Scene Nos. 127/32, 127/33, 128/32, 128/33, 128/34, 129/32 and 129/33), which were obtained in the summers of 1990, 2000 and 2010. Image preprocessing included radiometric calibration, atmospheric correction, mosaicking and clipping. The FLAASH module was used for calibration with support of ENVI Version 5.3 (Exelis Visual Information Solutions, Inc., Broomfield, CO, USA). Image mosaicking was based on geographic coordinates, and the mosaics were clipped with the administrative boundary to produce the research area images. The WGS1984 projection was used for all images.
In addition, in total, 500 sample points were measured by field investigation in August 2011. For each sample point, a SpectroSense2 vegetation spectrometer was used to measure the NDVI, the vegetation coverage of the sample points were measured using the line transect method, and the land use type was recorded. These samples are used to verify the accuracy of land degradation detection.
Results

Modeling and Validation of Land Degradation Detection
Using TM images in the years of 1990, 2000 and 2010, visual interpretation was performed on each image with 500 sample pixels of various land degradation degrees and the NDVI and albedo extracted out correspondingly, so that a database for detecting land degradation was built. The linear relationship of NDVI and albedo of sample pixels was worked out (Figure 4 ). The equation of LDI was determined based on the relationship of NDVI and albedo (Equations (7)- (9)). The models for detecting land degradation (Equations (10)- (12)) were constructed, and their application results are shown in Figure 5 . The land degradation degrees of 500 pixels total were determined, based on the NDVI threshold [18] , vegetation coverage and land use/cover records by a field survey in 2011. These pixels are not the same as the sample pixels for constructing land degradation detection knowledge by experts. Most of the sample pixels, which are randomly selected without considering their accessibility, are far beyond the reach by car in the field. Since the field survey was conducted very The land degradation degrees of 500 pixels total were determined, based on the NDVI threshold [18] , vegetation coverage and land use/cover records by a field survey in 2011. These pixels are not the same as the sample pixels for constructing land degradation detection knowledge by experts. Most of the sample pixels, which are randomly selected without considering their accessibility, are far beyond the reach by car in the field. Since the field survey was conducted very close to the time of the TM image obtained in 2010, if the land degradation detection accuracy of 2010 is acceptable, then the reliability of the results and our proposed land degradation detection method will be approved. The error matrix and the accuracy of sample points are presented in Table 2 . Table 2 indicates that the probability of consistency between the land degradation degree of each sample and the corresponding predicted result is 91.2%. As observed from Table 2 , the detection accuracy of high and severe land degradation sample points was much higher than low and no land degradation. This might be because the Ordos Plateau lies between a semi-arid and a semi-humid zone; the land capacity is much higher than the arid zone. Thus, many of the lands are cultivated and disturbed greatly because of a dense population [50] [51] [52] [53] , which may lead to some local non-degraded land being seriously destroyed in a very short term, where it is detected as lightly degraded land. On the other hand, some of the low degradation lands might have very high vegetation coverage, especially in summer when rainfall is rich, which makes it very difficult to distinguish them from none degraded lands. Therefore, these indicate that it might not be enough to use NDVI and albedo as indicators to detect land degradation. The other indicators, such as soil moisture and so on, should be taken into account. close to the time of the TM image obtained in 2010, if the land degradation detection accuracy of 2010 is acceptable, then the reliability of the results and our proposed land degradation detection method will be approved. The error matrix and the accuracy of sample points are presented in Table  2 . Table 2 indicates that the probability of consistency between the land degradation degree of each sample and the corresponding predicted result is 91.2%. As observed from Table 2 , the detection accuracy of high and severe land degradation sample points was much higher than low and no land degradation. This might be because the Ordos Plateau lies between a semi-arid and a semi-humid zone; the land capacity is much higher than the arid zone. Thus, many of the lands are cultivated and disturbed greatly because of a dense population [50] [51] [52] [53] , which may lead to some local non-degraded land being seriously destroyed in a very short term, where it is detected as lightly degraded land. On the other hand, some of the low degradation lands might have very high vegetation coverage, especially in summer when rainfall is rich, which makes it very difficult to distinguish them from none degraded lands. Therefore, these indicate that it might not be enough to use NDVI and albedo as indicators to detect land degradation. The other indicators, such as soil moisture and so on, should be taken into account. It shows that from 1990-2010, lands of high and severe land degradation degrees have reduced, while none, low and medium degrees have increased to some extent, which means the trend of degradation, is reversed in Ordos Plateau. During those twenty years, the area of sever land degradation was significantly and steadily reduced by 13,932.66 km 2 , with a decrease rate of 677 km 2 annually. Additionally, the high land degradation areas also decreased 4791.04 km 2 . On the contrary, none and low degraded lands increased 6557.86 km 2 and 6077.36 km 2 by 2010, respectively. Therefore, the area ratios of land at various land degradation degrees have also changed greatly. In 1990, 2000 and 2010, the none, low, medium, high and severe degraded land account for 0.40%, It shows that from 1990-2010, lands of high and severe land degradation degrees have reduced, while none, low and medium degrees have increased to some extent, which means the trend of degradation, is reversed in Ordos Plateau. During those twenty years, the area of sever land degradation was significantly and steadily reduced by 13,932.66 km 2 , with a decrease rate of 677 km 2 annually. Additionally, the high land degradation areas also decreased 4791.04 km 2 . On the contrary, none and low degraded lands increased 6557.86 km 2 and 6077.36 km 2 by 2010, respectively. Therefore, the area ratios of land at various land degradation degrees have also changed greatly. In 1990, 2000 and 2010, the none, low, medium, high and severe degraded land account for 0.40%, 11.49%, 33.97%, 27.01%, 27.13%; 11.94%, 34.15%, 26.33%, 13.20%, 14.38% and 8.00%, 18.53%, 41.02%, 21.46%, 10.99%, respectively. Among different degrees, the medium land degradation almost always accounts for the largest proportion of the Ordos Plateau and increased by 7.05%.
Temporal Variation of Land Degradation in the Ordos Plateau
The . The area of severe degraded land decreased continuously, with inter-annual decrease rates of 4.25% and 4.17%, respectively. From 1990-2010, the inter-annual change rate of non-degraded land was highest, i.e., 13.37%. Low land degradation ranked second with a change rate of 6.67%. The area of medium, high and severe degraded lands decreased, with inter-annual change rates of 1.25%, 0.88% and 3.32%, respectively.
Further, areas vary greatly across different land degradation degrees in different banners from 1990-2010, as shown in Figure 7 . The high degraded land area showed a reduction trend except Hanggin Banner, which increased 10.08% (Figure 7d ). Across banners, high degraded land in Otog Banner, Otog Front Banner and Dongsheng District reduced the most rapidly, respectively, reduced −24.62%, −13.95% and −11.91%. Banners that have a relatively larger high degraded land area are Hanggin Banner (35.15%), Otog Banner (17.93%), Uxin Banner (16.58%) and Dalad Banner (16.02%). In general, high degraded land is mainly distributed in the northern and the western parts of the Ordos Plateau.
The severe degraded land area showed a significant reduction trend, except Ejin Horo Banner, which increased 3.69% (Figure 7e The low land degradation area showed a stable growth trend in most banners, except Hanggin Banner and Ejin Horo Banner, which almost remained unchanged (Figure 7b ). While, in Otog Banner, Otog Front Banner, Jungar Banner and Dongsheng District, it grew rapidly by 23.34%, 30.08%, 14.83% and 26.86%, respectively. By 2010, banners that have the largest low degraded land area are Dongsheng District (51.57%), Jungar Banner (44.75%), Otog Front Banner (40.56%) and Otog Banner (32.86%). These Banners are mainly distributed in the northeast and southwest of the Ordos Plateau.
Except Dalad Banner and Otog Banner, which increased by a small degree, the medium degraded land area has reduced in most banners (Figure 7c The high degraded land area showed a reduction trend except Hanggin Banner, which increased 10.08% (Figure 7d ). Across banners, high degraded land in Otog Banner, Otog Front Banner and Dongsheng District reduced the most rapidly, respectively, reduced −24.62%, −13.95% and −11.91%. Banners that have a relatively larger high degraded land area are Hanggin Banner (35.15%), Otog Banner (17.93%), Uxin Banner (16.58%) and Dalad Banner (16.02%). In general, high degraded land is mainly distributed in the northern and the western parts of the Ordos Plateau.
The severe degraded land area showed a significant reduction trend, except Ejin Horo Banner, which increased 3.69% (Figure 7e ). Among banners, severe degraded lands in Uxin Banner, Dalad Banner, Otog Front Banner and Hanggin Banner were most rapidly reduced, respectively, decreased by −27.43%, −20.06%, −17.37% and −15.13%. Banners that have relatively larger severe degraded land area are Hanggin Banner (21.16%), Ejin Horo Banner (7.01%) and Dalad Banner (6.39%). Generally, severe degraded land has greatly decreased and mainly is distributed in the northern and the western parts of the Ordos Plateau.
The above results indicate that land degradation in Ordos Plateau presented an overall reversal with a partial development trend in some parts. This might be related to a series of ongoing ecological restoration projects, which were established in 1990 and then on, including the "Three-north Shelterbelt Project", "Natural Forest Resources Protection Project", "Grain for Green Project" and "Sand Prevention Ecological Circle Project surrounding Beijing and Tianjin". The effectiveness of such projects seems significant because the overall vegetation cover improved with returning farmland to forests and grasslands [67] . However, some areas are unsuitable for forests because of water shortage. As a result, high tree mortality and exacerbated ecological degradation occurred [68, 69] . Yue et al. [62] pointed out that the long-term ecological effects of planting trees in arid and semi-arid areas need further observation. Further, most desert areas with vegetated dune systems in arid and semiarid northern China are used for farming or grazing [70] . Therefore, human activities could significantly affect the land cover and lead to the process of land degradation in the area [6, 16, 27, 47, 48, [71] [72] [73] .
Inter-Annual Change of Land Degradation in the Ordos Plateau
From 1990-2000, inter-annual change directions of various land degradation degrees were figured out according to the area transfer matrix. It shows that low degraded land mainly converted to non-degraded land with a transfer-out rate of 6.73%; while medium degraded land mainly turned into none and low degraded lands, 11.84% and 39.22%, respectively. High degraded land mainly turned into low and medium degraded lands with transfer-out rates of 16.23% and 27.39%, respectively. Severe degraded land mostly turned into high and medium degraded lands with transfer-out rates of 40.33% and 17.63%. However, 17.70% of non-degraded area converted into low degraded land; 5.47% converted into medium degradation; 11.49% of medium degraded land converted into high degradation; and 9.67% of high degraded land transferred to severe degradation.
By 2000 (Figure 8 ), the transfer-in areas of non-degradation mainly involved low and medium degraded lands, 33.42% and 29.30%, respectively. The 16.67% of the low degraded area was primarily transferred from medium degradation. The transfer-in areas of medium degradation primarily came from high and partially from severe degraded lands (44.33% in total). High degraded land was mainly converted from severe degradation, which contributed 46.51%. There was 18.03% severe degraded land transferred from high degradation. The above results indicate the reverse trend of land degradation in the Ordos Plateau from 1990-2000. However, land degradation is still developing in some areas.
13 of 21 (6.39%). Generally, severe degraded land has greatly decreased and mainly is distributed in the northern and the western parts of the Ordos Plateau.
By 2000 (Figure 8 ), the transfer-in areas of non-degradation mainly involved low and medium degraded lands, 33.42% and 29.30%, respectively. The 16.67% of the low degraded area was primarily transferred from medium degradation. The transfer-in areas of medium degradation primarily came from high and partially from severe degraded lands (44.33% in total). High degraded land was mainly converted from severe degradation, which contributed 46.51%. There was 18.03% severe degraded land transferred from high degradation. The above results indicate the reverse trend of land degradation in the Ordos Plateau from 1990-2000. However, land degradation is still developing in some areas. The transfer matrix of land degradation shows that, from 2000-2010, low degraded land mainly converted into none and medium degraded lands, 27.93% and 25.05%, respectively. While, medium degraded land mainly converted into low degradation, high degraded land mainly converted into medium and low land degradation. Severe land degradation mainly converted into high degraded land. Generally, high-grade degraded lands still mainly converted into low-grade ones.
By 2010 (Figure 9 ), non-degraded land was transferred mainly from low and medium degraded lands, 36.24% and 16.44%, respectively. Low degraded land was mainly transferred from medium and high degraded lands, 22.40% and 9.26%, respectively. Medium degraded land was converted mainly from high degraded land and partially from low degraded land. High degraded land was mainly attributed to the reversal of severe degraded land and aggravation of medium land degradation (22.73% and 21.34%, respectively). The transfer-in area of severe degraded land was small and was mainly contributed by the aggravation of high degraded land, showing that land degradation reversal and aggravation coexisted on the Ordos Plateau from 2000 and 2010, and the aggravation was higher than that of 1990-2000. (Figure 9 ), non-degraded land was transferred mainly from low and medium degraded lands, 36.24% and 16.44%, respectively. Low degraded land was mainly transferred from medium and high degraded lands, 22.40% and 9.26%, respectively. Medium degraded land was converted mainly from high degraded land and partially from low degraded land. High degraded land was mainly attributed to the reversal of severe degraded land and aggravation of medium land degradation (22.73% and 21.34%, respectively). The transfer-in area of severe degraded land was small and was mainly contributed by the aggravation of high degraded land, showing that land degradation reversal and aggravation coexisted on the Ordos Plateau from 2000 and 2010, and the aggravation was higher than that of 1990-2000. 
Spatial Change of Land Degradation in the Ordos Plateau
Land degradation changed dramatically and showed significant regional differences in the Ordos Plateau (Figure 10 ). From 1990-2000, banners with relatively high dynamic degree were mostly located in northeast regions of the Ordos Plateau, where there are dense populations and developed economies, and witnessed fast land degradation reversion. Among them, Ejin Horo Banner and Otog Front Banner ranked highest, over 50.00%. Dalad Banner, Uxin Banner and Dongsheng District ranked third, fourth and fifth and had a relatively high dynamic degree, about 40.00%. Otog Banner, Jungar Banner and Hanggin Banner had the lowest degrees, less than 30.00%. 
Land degradation changed dramatically and showed significant regional differences in the Ordos Plateau ( Figure 10 ). From 1990-2000, banners with relatively high dynamic degree were mostly located in northeast regions of the Ordos Plateau, where there are dense populations and developed economies, and witnessed fast land degradation reversion. Among them, Ejin Horo Banner and Otog Front Banner ranked highest, over 50.00%. Dalad Banner, Uxin Banner and Dongsheng District ranked third, fourth and fifth and had a relatively high dynamic degree, about 40.00%. Otog Banner, Jungar Banner and Hanggin Banner had the lowest degrees, less than 30.00%. Sustainability 2016, 8, 1174 14 of 21 medium and low land degradation. Severe land degradation mainly converted into high degraded land. Generally, high-grade degraded lands still mainly converted into low-grade ones. By 2010 (Figure 9 ), non-degraded land was transferred mainly from low and medium degraded lands, 36.24% and 16.44%, respectively. Low degraded land was mainly transferred from medium and high degraded lands, 22.40% and 9.26%, respectively. Medium degraded land was converted mainly from high degraded land and partially from low degraded land. High degraded land was mainly attributed to the reversal of severe degraded land and aggravation of medium land degradation (22.73% and 21.34%, respectively). The transfer-in area of severe degraded land was small and was mainly contributed by the aggravation of high degraded land, showing that land degradation reversal and aggravation coexisted on the Ordos Plateau from 2000 and 2010, and the aggravation was higher than that of 1990-2000. 
Discussion
Indicators, Expert Knowledge and BP-ANN Algorithm for Monitoring Land Degradation
Besides NDVI, the other commonly-used vegetation indexes include soil adjusted vegetation index (SAVI) and ratio vegetation index (RVI). Although SAVI has the advantage of reducing the influence of soil on vegetation detection, its parameter setting is usually hard to satisfy in application [74] . RVI is very sensitive to vegetation cover when it is relatively high. However, its sensitivity decreases obviously when vegetation cover is less than 50.00%, thus inapplicable to detect land degradation with rare surface vegetation [75] . Compared to SAVI and RVI, NDVI has been proven to be reliable to detect the land degradation of arid and semiarid areas [26, 28] . However, it cannot be ignored that the reduction of NDVI may not be caused by land degradation. Therefore it is very necessary to combine NDVI with other indices in land degradation monitoring [29] . Our results proved that NDVI and albedo are closely related to land degradation degrees. We therefore argue that NDVI and albedo are feasible indicators to detect land degradation. However, over-dependence on the spectral characteristic of remote sensing images, ignoring the recognition of expert knowledge in image interpretation and the lack of connection with land degradation features may easily lead to great error. This calls for an urgent need of combining expert knowledge and remote sensing indices together in land degradation detection.
Expert knowledge and the BP-ANN algorithm were therefore adopted in land degradation detection. By visually interpreting limited numbers of sampled pixels, expert knowledge was introduced to land degradation detection. The application of expert knowledge ensures not only the accuracy of the land degradation identification, but also avoids the big workload of field trips done by non-professional staff for obtaining land degradation information. Based on information provided by the expert, the relationship between land degradation indicators and land degradation degrees was then further explored by using the BP-ANN algorithm, which was applied to establish a fast and effective land degradation detection model. Since the BP-ANN algorithm has the advantages of self-learning, self-organization and self-adaption and has the ability to simulate the thinking process of the expert in land degradation identification, thus the accuracy and rationality of the relationship between the land degradation index and the land degradation degree can be greatly improved, even using very limited input information (Figure 11 ). 
Discussion
Indicators, Expert Knowledge and BP-ANN Algorithm for Monitoring Land Degradation
Expert knowledge and the BP-ANN algorithm were therefore adopted in land degradation detection. By visually interpreting limited numbers of sampled pixels, expert knowledge was introduced to land degradation detection. The application of expert knowledge ensures not only the accuracy of the land degradation identification, but also avoids the big workload of field trips done by non-professional staff for obtaining land degradation information. Based on information provided by the expert, the relationship between land degradation indicators and land degradation degrees was then further explored by using the BP-ANN algorithm, which was applied to establish a fast and effective land degradation detection model. Since the BP-ANN algorithm has the advantages of self-learning, self-organization and self-adaption and has the ability to simulate the thinking process of the expert in land degradation identification, thus the accuracy and rationality of the relationship between the land degradation index and the land degradation degree can be greatly improved, even using very limited input information (Figure 11 ). It shows that the original sample data failed to express the relationship between the LDI value and land degradation degree due to its dispersed distribution and contradictions ( Figure 11a) ; while the BP-ANN algorithm greatly diffused the original samples by simulating the logic and process of expert thinking. Thus, it successfully filled the lost information of experts in identifying It shows that the original sample data failed to express the relationship between the LDI value and land degradation degree due to its dispersed distribution and contradictions ( Figure 11a) ; while the BP-ANN algorithm greatly diffused the original samples by simulating the logic and process of expert thinking. Thus, it successfully filled the lost information of experts in identifying the degree of degraded land (Figure 11b ). Therefore, a more precise land degradation detection model can be figured out ultimately.
However, just as we mentioned in Section 2.3.1, the expert knowledge approach has disadvantages of subjectivity and regional dependency. Although we applied the repeated experiments and double blind test to avoid the subjectivity, such a disadvantage cannot be completely eliminated. Additionally, there is no uniform standard for evaluating the land degradation intensity. Because land degradation is a gradual process of losing productivity, it is very hard to set a baseline to determine the intensity of degradation. Therefore, most indicators and their criteria used in previous studies are such diagnostic indices as NDVI and albedo under the recent situation, rather than based on the land degradation process. Therefore, our proposed approach and the criteria, as those of most previous studies, have a certain extent of limitation. However, this approach still has the potential to be applied to other regions by other experts. Further, the proposed method can be improved by introducing new indicators, such as human appropriation of the net primary productivity (HANPP) [42] , which has the ability to reflect the change of ecosystem productivity caused by land degradation.
Land Degradation and Its Control in the Ordos Plateau
Land degradation in and around the Ordos Plateau heavily influences the severity and frequency of sand-dust storms [46] , so its dynamics has long been studied, but there have been no consistent findings, e.g., Cui and Li [20] found that the total degraded areas of the Kubuqi Desert, a part of the Ordos Plateau, decreased by 13.29% from 1989-2002; and the forested area of the whole Ordos Plateau increased since 2000, with a reversal of land desertification [44] , while Liu et al. [21] noted that the degraded area in the west of the Ordos Plateau showed an average annual growth rate of 0.35% from 1989-2005, with severe and deteriorating trends. These inconsistent results further illustrate the urgent need of enhancing the study on land degradation identification and monitoring in the Ordos Plateau.
Our results show that from 1990-2010, lands of high and severe degradation degrees have reduced, while none, low and medium degrees have increased to some extent, which means the trend of land degradation is reversed in the Ordos Plateau. According to meteorological records of the Ordos Plateau, the annual precipitation has been reduced by 100 mm in 10 years, and the annual average temperature tends to rise during 1990-2010. At the same time, the inter-annual climate fluctuations are not significant, so the effect on land degradation dynamics is very weak in such a short time period. However, a reverse trend observed though the climate trend in the Ordos Plateau is very conducive to the development of land degradation. This indicates that such human activities as "grain to green" and ecological construction might have strong effects on the development or reversal of land degradation.
Similar trends are also found in the Mu Us sand land [16] and the whole of northern China [22] . In the past decades, there has been little evidence for a significant shift in the seasonal distribution of precipitation in semi-arid northern China [16, 22, 70] . The mean annual precipitation fluctuated slowly, but without a significant decreasing or increasing tendency throughout the study period [16, 22, 23] . However, in contrast to annual precipitation, annual average temperature increased significantly [16, 22, 70] . Therefore, there is a significant warming and drying climate fluctuation, which favors land degradation development [16, 22] . However, land degradation decreased, and this is widely regarded as the preliminary results of a series of undergoing national ecological restoration projects since the 1990s [19, 22] .
There are debates on the causes and driving forces of land degradation in the region [49, 50, 76] . For example, it was indicated that the land degradation expansion was dominated by human activities [23, 40] , whereas its reversion was dominated by climate change [40] . Although it is universally held that apart from such natural factors as climate change, human elements, like deforestation, irrational cultivation and overgrazing, are the chief culprits [16, 49, 50, 71, [77] [78] [79] . However, at different spatial and temporal scales, the relative role of climate factors and human activities on land degradation is very complicated; this requires a specific analysis of specific areas. However, it is evident that either in the development or reverse of land degradation, human activities' role is always significant [79] .
A feasible strategy for land degradation prevention and control is to implement environmentallyfriendly land use optimization. To this end, some exploratory research has been proposed [49, 50, [56] [57] [58] [59] [60] . However, it should be highlighted that the goals of environmentally-friendly land use optimization should aim at the main negative factors affecting the land system, and the land use type and its quantity must meet the demand of population and be reconciled with natural conditions [50] . In particular, the land use pattern, which does not conform to the natural carrying capacity, may lead to the deterioration of land degradation. For example, since 2000, a recovery trend of the land degradation occurred mainly in the agro-pasture ecotone of northern China, benefitting from a series of ongoing ecological restoration projects, including the Three-North Forest Shelter Belt Project, Natural Forest Resources Protection Project, Grain for Green Project, Sand Prevention Ecological Circle Project surrounding Beijing and Tianjin [50, 79] . However, high tree mortality and exacerbated ecological degradation are occurring in some areas, because there is insufficient precipitation to sustain trees in the long term [68, 69] . Therefore, Yue et al. [62] argued that long-term ecological effects of planting trees in arid and semi-arid areas need further observation. It is suggested that this region should increase the shrub land and grassland instead of trees [60] . Therefore, we argue that special attention should be paid to these factors in the development of land use optimization strategies for land degradation prevention and control in the Ordos Plateau.
Conclusions
Land degradation detection and monitoring are of vital importance to provide scientific information for sustainable land utilization at local, regional and global scales. In this research, remote sensing indices, i.e., NDVI and albedo, expert knowledge and the BP-ANN algorithm were integrated to establish a land degradation monitoring approach. By applying this approach, a relatively high accuracy, 91.2%, of land degradation detection is achieved based on limited sample pixels, with greatly reduced workload. Such results demonstrate the reliability of valuable expert knowledge and the BP-ANN algorithm in land degradation detection. The proposed approach can potentially be applied to the other degraded areas.
The temporal-spatial evolution of land degradation in the Ordos Plateau from 1990-2010 was analyzed, and a reversal trend is observed. We suggest that land utilization optimization plays a key role in effective land degradation control. A feasible strategy for land degradation prevention and control is to implement environmentally-friendly land use optimization. At the same time, it should be highlighted that the goals of such strategies should aim at the main negative factors causing land degradation, and the land use type and its quantity must meet the demand of population and be reconciled with natural conditions. the Vilas Associate Award, the Hammel Faculty Fellow and the Manasse Chair Professorship from the University of Wisconsin-Madison and through the "One-Thousand Talents" Program of China is also greatly appreciated. Sincere thanks should also be given to the editor and two anonymous reviewers for their constructive comments and suggestions that greatly helped to improve the quality of this article.
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